ABSTRACT Sleep posture has been used as a sleep assessment indicator in home health monitoring and clinical monitoring in recent years. Considering comfort and usability, unobtrusive sleep posture detection is needed. In this paper, we proposed a novel sleep respiration-derived posture (RDP) method based on left and right lung respiration impedance signals. We developed a dual-channel respiratory impedance acquisition system with wireless transmission. Then, support vector machine using radial basis function kernel was applied to recognize four typical sleep postures. Moreover, the performance of the SVM classifier was improved by using backward elimination. In-situ experiments with 16 subjects indicated that the RDP method reached an accuracy of 99.67%. Thus, our method is reliable in sleep posture recognition. Furthermore, a whole-night monitoring system based on respiration impedance can be conducted for sleep quality assessment. 
I. INTRODUCTION
Sleep posture belongs to the important indicators in sleep quality assessment [1] . It is important for the early prevention of some diseases, e.g. pressure ulcers [2] and sleep apnea [3] . Therefore, sleep posture real-time monitoring is advantageous for sleep monitoring at home and hospitals.
To date, researchers have proposed many different ways to automatically monitor sleep postures, including video cameras, accelerometer sensors, pressure sensors and electrocardiogram-derived postures (EDP), highlights of these methods are listed in Table 1 . Among them, the videocamera, often regarded as the golden standard, has been used previously to identify sleep postures [4] . However, video recording may have a risk of the invasion of privacy to the users.
Owing to the problem of the camera, many studies have focused on a wearable sleep posture monitoring method by using accelerometers. Borazio et al. used a wrist-worn sensor that recorded three-dimensional acceleration for posture clustering, obtaining an average accuracy of 94% [5] .
Wrzus et al. detected sleep postures using acceleration sensors on the sternum and right thigh, which achieved accuracy of 99.7% [6] .
As an option, some studies focused on a non-contact sleep posture sensing method with different pressure sensors. Hsia et al. designed a mattress pad with a force-sensing resistor (FSR) to monitor the change of body postures, obtaining an accuracy of 81.43% [7] . Liu et al. designed a dense pressure-sensitive bed sheet system to monitor sleep postures, which only exhibited an accuracy of 83.0% [8] . To improve the accuracy, Yousefi et al. developed a pressure-mapping system with 2048 sensors for sleep posture recognition, which achieved an average accuracy of 97.7% [9] . Though the non-contact sensing method didn't cause discomfort and privacy offence, it was more complex and expensive due to the large number of sensors and the generated high dimensional data.
As an indirect, unloaded and low-cost method, the electrocardiogram (ECG) derived sleep postures method has attracted scientists' attention. This method does not depend on any sensors and is an alternative approach to monitor sleep posture. The QRS complex of the ECG can be used to estimate body postures [10] , [11] . Shen et al. proposed a body position detection method based on fusing multiple heterogeneous features of three-lead surface ECG with a low accuracy of only 66.67% [12] . Lee et al. used the unconstrained morphology of the QRS wave of ECG signals of twelve capacitive coupled electrodes and a conductive textile sheet to estimate body postures, obtaining an accuracy of 98.4% [13] . This method inspired us to develop a sleep RDP method for sleep assessment. Furthermore, we have analyzed the relationship of sleep posture and respiration impedance in our previous work [14] . A high correlation between sleep posture and left and right lung respiration impedance was found. Thus, we hypothesized that there was a potential assessing sleep posture method via left and right lung respiration impedance signals. Based on this hypothesis, we proposed a new indirect sleep posture extraction method based on dual-channel respiratory signals, including the left lung (LL) and right lung (RL) respiratory impedance signals. The main achievements of this work included: 1) We presented a novel and effective sleep respirationderived posture method based on left and right lung respiratory signals. Compared with EDP method, more innovative and effective features were achieved. 2) We built and validated a respiratory and sleep posture monitoring system (Fig.1 ). Our previous study had proved that the dual-channel respiratory impedance system can overcome the effect of the change in sleep posture. Compare with the previous study, the mean absolute error decreased about 25% [14] . 3) We identified four different sleep postures using three typical classifiers with linear and non-linear features. Using the backward eliminationfeature selection algorithm, the performance of the classifiers can be improved. Through the 10-fold cross validation, the SVM using RBF kernel is better than the other classifiers.
The rest of this article is organized as follows: Section II introduced our dual-channel impedance plethysmography (IP) system and posture analysis method; In section III, we described our experiment protocol; Section IV presented the results of sleep posture estimation and section V provided a detail discussion of features and classifiers; The conclusion of this paper is summarized in section VI.
II. SYSTEM AND METHOD

A. SYSTEM INTEGRATION
We set up a dual-channel impedance acquisition system to derive postures from respiration signals. The system consisted of three modules: a data processing module in form of a PC, a data acquisition module, impedance test platform and a Zigbee wireless transmission module in form of a USB, as shown in Fig.1-(d) .
Data Acquisition Module: The data acquisition modules consisted of an impedance instrument and a multi-channel adapter [15] , as shown in Fig.1 -(a) and 1-(c).
Impedance Instrument: CC2530 was used with RF wireless transceiver and 14-bit high accuracy A/D converter, which was regarded as the core of the impedance instrument. And the impedance data of respiratory was converted by this part. The impedance instrument provided the exciting current with the body, which had frequency of 50 kHz and amplitude of 1mA.
Multi-Channel Adapter: the multi-channel adapteronsisted of the excitation channel and measurement channel [15] . The excitation channel was formed with DDS, VCCS and some peripheral components, which could directly generate sine wave current with adjustable frequency and safety constant amplitude. The measurement channel was formed with phase sensitive demodulation circuit, a 14-bit high accuracy A/D converter circuit and amplifier circuits, which could measure the developing voltage due to applied current. Two-channel impedance signals were simultaneouslycollected by using the self-designed multi-channel adapter shown in Fig.1-(c) . Table 2 .
Zigbee Wireless Transmission Module: It was data receiving module in form of a USB and inserted into the PC [15] . The impedance data was transmitted to PC and figure out in PC.
Impedance Test Platform: To verify the instrument accuracy, we built an impedance test platform [15] (as shown in Fig.1-(b) ), which achieved an accuracy of 99.0%.
The safety and effectiveness of the impedance instrument were verified in our previous study. We received the inspection report of China Food and Drug Administration in Guangzhou Medical Equipment Quality Supervision and Inspection Center. The impedance instrument was used to monitor bladder volume [16] . Then, we have finished clinical trials of this study, and received the clinical test summary report of Guangdong Provincial Hospital of Chinese Medicine and the fifth affiliated hospital of Sun Yat-Sen University, Guangzhou, China. 
1) THE LEFT AND RIGHT LUNG RESPIRATION IMPEDANCE SIGNALS
The left and right lung respiration impedance signals were collected by using multi-channel impedance instrument, shown in Fig.1 . The sampling frequency of the impedance instrument was set at 6Hz. 
2) THE LEFT AND RIGHT LUNG RESPIRATION VOLUME SIGNALS
The left and right lung respiration volume signals were derived from dual-channel respiration impedance signals by using a sixth-order IIR Butterworth pass-band filter, which was used to remove the baseline (base impedance value) and measurement noise. The band-pass IIR Butterworth filter has a cutoff frequency between 0.05 and 0.45 Hz. The respiration volume signals were shown in Fig.3 .
3) FEATURE EXTRACTION
In this paper, twelve features were extracted from left/right lung impedance signals and LL and RL respiration volume signals, they were as follows:
Respiration Impedance Signals' Features: Six features were used to describe respiration impedance signals of left lung and right lung and they can be divided into two classes. 
4) FEATURE SELECTION WITH BACKWARD ELIMINATION ALGORITHM
The main purpose of feature selection was to determine the feature subset giving the highest discrimination among groups among multiple features, since using all features in one classifier did not achieve the best performance in many cases [18] . In this study, the backward elimination algorithm was used as a feature-optimized approach for the classifiers. Backward elimination algorithm began with all features and iteratively removed one by one [19] , [20] , which was regarded to be more successful for finding the optimal feature subset [21] . In this article the implementation of the backward elimination method was as follows:
Firstly, feature matrix X are defined as
Where there are one sample's features in each column and each row represents a feature. In our processing, feature subset evaluation criterion was classification ability. Step1, assume there are N features {Fi, i = 1, 2, . . . , N }. Step2 input all features into classifier to evaluate classification power of {Fi, i = 1, 2, . . . , N } and its N -1 subset. Each subset has N -1 features from {Fi, i = 1, 2, . . . , N }. Step3, reserve this subset and repeat all these steps if the discrimination ability of one of these subsets is stronger than that of all the other subset and {Fi, i = 1, 2, . . . , N }; or stop this process and {Fi, i = 1, 2, . . . , N } is the optimal feature subset with highest ability in classification.
5) CLASSIFIER EVALUATION
Different classifiers are used in this study, and they are listed as follows:
OVO-SVMs Using Linear, Polynomial, and RBF Kernel: SVM algorithm is originally designed for binary classification problem.When dealing with multi-class problem, it is necessary to construct a suitable multi-class classifier, and OVO-SVMs is one solution. In this paper, we adopted the OVO-SVMsthat was integrated in the libsvm toolbox [22] . SVM is a common machine learning algorithm that has unique advantages in solving the small sample pattern recognition problems because of its excellent generalization ability [23] . For non-linear problem,by mapping the space of input data into a high-dimensional feature space through kernel function, the data points become linear separable or more linear separable in the high-dimensional space [24] . In general, kernel function including three types:linear, polynomial and RBF kernel functions.The RBF kernel function can map the input data into infinite dimension space.
Artificial Neural Network Classifier (ANN):
The ANN enables to perform non-linear modeling and adaption, it does not require assumption of any functional relationship between feature and posture in advance. We can adapt the ANN by simply exposing it to new data.
Linear Discriminant Analysis(LDA): LDA, also called fisher linear discriminant, is a classical algorithm of the pattern recognition. The objective is to find a projection A that maximizes the ratio of between-class scatter against withinclass scatter (Fisher's criterion).
III. EXPERIMENT A. SUBJECTS
16 healthy male subjects from our laboratory participated in the experiment, and were in the age range from 20 to 26 years old. For the subjects, there were no clinically significant signs of respiratory disorders, such as coughing, polypnea, bronchitis, asthma or other lung diseases. The experimental content and processes were carefully explained to the subjects before the experiment by words and pictures. The subjects did not receive any benefits from this study. The experimental protocol was approved by the ethics committee of Guangdong Provincial Hospital of Chinese Medicine.
B. ELECTRODE PLACEMENT
In this study, we measured the tetrapolar impedance, using four electrodes: one pair of electrodes (I+, I−) for injecting the excitation current and the other pair (V+, V−) for measuring the voltage induced by the current [24] - [27] .
The setup of the electrode configurations tested in this paper is shown in Fig.1-(d) . The exact physical positions ofdifferent electrode configurations are shown in TABLE 2.
C. MEASUREMENT PROCEDURE
Firstly, all the electrodes were affixed to the subjects' bodies, as shown in Fig.1-(d) , and then the subjects were instructed to lie in bed.
One cycle included four body postures in the following order: supine decubitus (SD), left lateral decubitus (LD), right lateral decubitus (RD) and prone decubitus (PD) [as shown in Fig.4 ]. This sequence was the same for each subject. Each posture was held for 3 minutes, before a supervisor verbally instructed the subject to move to the next posture. The subjects were allowed to have small movement during the course of the experiment. The subject was allowed to change posture and find a comfortable position within 30-60s, during the period the impedance instrument in shut down and no signal was collected.
After the subject keep stable, another posture was held for another 3 minutes. After finishing one cycle, the second cycle was conducted with the same order of postures as the first cycle for reproducibility.
Data division: All recorded data of each volunteer was divided into eight sections and each section contained. The data of each section was divided into 12 segments, eachresulting segment of 15 seconds was defined as a sample to provide a fast recognition [12] . The data of one volunteer was divided into 96 samples, including four different sleep postures (two cycles each).
D. VALIDATION
Statistical analyses were performed between real postures and the outputs of our algorithm. To validate the results obtained from each of the previous analysis, a statistical study was conducted to verify if significant difference was present among the different groups. The results were expressed as mean ± SD, and all data were analyzed using the statistical software SPSS 14.0(SPSS Inc., Chicago, IL, USA). A p values less than 0.05 was considered significant for all tests.
During the classification phase, a 10-fold cross validation method is applied to check the performance of the classifiers [13] . The whole set of samples is randomly divided into 10 approximately equal and balanced subsets. Then, each time one of these subsets is excluded from the whole set of samples and was set as the test set, and the training set was composed of the remaining subsets. The 10-fold cross validation accuracy is the percentage of correctly classified data. These steps were conducted by MATLAB (version R2009b, The Math Works, Inc., Natick, MA, USA).
IV. RESULTS
In this study, a respiratory impedance acquisition system was developed, and its performance was evaluated in a preliminary study including four sleep postures. The dual-channel (left and right lung) respiratory impedance approach in combination with the SVM classifier obtained an accuracy of 99.67% in sleep posture recognition.
A. FEATURES ANALYSIS
The significant differences among six respiration impedance signals' features and six respiratory volume signals' features of four sleep positions (PD, SD, LD and RD) are shown in Table 3 . All the features showed the significant differences among PD, SD, LD and RD except M2. As for M1, M3, F1, F2, F3, V1, V2, V3 and A3, there were significant differences in all pairwise comparisons among PD, SD, LD and RD respectively (P < 0.05). As for A1 and A2, there were significant differences in some pairwise comparisons among PD, SD, LD and RD.
B. FEATURE SELECTION AND CLASSIFIER PERFORMANCE
The proposed feature selecting algorithm is applied to select the most compact feature subset from the 12 available features with 3 classifiers.
In total, 1536 samples were obtained. As mentioned before, we adopted a 10-fold cross validation method to check the performance of the classifiers. Table 4 presents the comparison of the classifier's performance and the parameter setting. Through the feature selection algorithm, the irrelative and redundant features were removed, and the classification accuracy of each classifier had been improved. Specifically, the BE algorithm could significantly improve the performance of the OVO-SVMs using RBF kernel, the final feature subset was composed of only 3 features (TABLE 5) , and we obtained a total accuracy of 99.67%. The recognition accuracies of PD, SD, LD and RD were 100%, 100%, 98.70% and 100%, respectively. In each postures, SVM using RBF kernel could obtain the highest accuracy in this dataset. Fig.5 illustrates the performance of all classifiers, it can be observed that the performance of the OVO-SVMs using RBF kernel is obviously better than the other classifiers in this dataset, therefore, we choose the OVO-SVMs as the final classifier in this work.
C. OVO-SVMs CLASSIFIER USING RBF KERNEL FOR RDP BASED SLEEP POSTURE RECOGNITION
The confusion matrix of the SVM classifier was shown in Fig.6 , the numbers located in the diagonal represent the correct prediction of each posture. Only in the LD posture, 5 segments were incorrectly classified as the SD, the incorrect classified segments didn't significantly affect the result based on our method and the total accuracy was 99.67%. Therefore, we conclude that the proposed RDP method is reliable and can be adapted to monitor sleep posture during sleep. 
V. DISCUSSION
In this paper, we proposed an innovative RDP method for the recognition of four different sleep postures with an accuracy of 99.67%. The features extracted from dualchannel (left and right lung) bio-impedance provided high discrimination on the sleep posture recognition.
A. ASSESSMENT
Due to the difference in data and sensor, a direct comparison between our work and others is not suitable. Table 6 concluded the related studies in the familiar sleep posture recognition. The direct measure method had been studied in previous work. Heenam et al. used the patch-type device to obtain the accelerometer signal and used a DT algorithm to recognize the sleep posture and obtained an accuracy of 99.16% [30] . Xu et al. used a pressure sensor [3] to recognize the sleep posture, and achieved an accuracy of 91.21%. As a contrast, Shen et al. proposed a body position detection method by fusing multiple heterogeneous features from three-lead surface ECG, and achieved the accuracy of 66.67%. Lee et al. used unconstrained morphology of the QRS wave of ECG signals by 12 capacitively coupled electrodes and a conductive textile sheet to estimate body postures, and obtained the accuracy of 98.4% with 10-fold cross validation and SVM classifier, both of them were indirect measure methods.
In this work we proposed a novel sleep posture recognition method by measuring left and right lung respiratory impedance and obtained an accuracy of 99.67% with BE algorithm and SVM classifier. Our work didn't rely on the sensors and the acquired 2-lead signals is relatively simple. Therefore, in the ubiquitous monitoring environment, our work may have unique advantages. Additionally, traditional single-channel impedance measuring methods [32] - [34] didn't take the influence of posture changes on sleep pulmonary volume measurement into consideration, hence we proposed a BIOPAC-based duel-channel system as a solution in our previous work [14] . However, the BIOPAC-based duel-channel system needstwo completely independent measurement modules (EBI100C) [14] . As a contrast, we designed a multi-channel adapter ( Fig.1-(c) ) to achieve single module measurement, which is lost cost and easily portable.
B. RDP BASED SLEEP POSTURE RECOGNITION ANALYSIS
Our proposed RDP based sleep posture recognition method had been introduced. This work used the BE algorithm to select the highest contribution feature, previous studies had indicated that feature selection can remove the irrelevant or redundant features therefore it was important in the pattern recognition [21] . When using all the features, the input may include much redundant information, which affects the classification accuracy, especially in the OVO-SVMs classifier using the RBF kernel. Other classifiers also had a slightly improvement after using BE algorithm. Therefore, we conclude that the BE algorithm can help improved the sleep posture recognition accuracy.
Selecting a best classifier for a particular question is important. Hence, we used 3 classical classifiers -SVM, LDA and ANN which were widely used for different pattern recognition problems, including the other relative work [12] , [13] . The performance comparison is shown in Table 4 , the OVO-SVMs classifier revealed excellent posture identification with a total accuracy of 99.67%. Only in the LD posture detection, our proposed algorithm missclassified 5 samples as SD. The feature dataset selected by BE algorithm is consisted of 3 features: M1, M2, F2.Maybe the 5 samples are singular value that is similar with SD sample. Moreover, the OVO-SVMs recognition accuracy has been significantly improved while using the RBF kernel, this may be the result of the property of the RBF function. By mapping the low dimension data to the infinite dimension, the separability of the data can significantly increase [23] , [28] . Moreover, SVM is an eager learning algorithm, after being trained by the training sample, it can determine a hyperplane to classify the data category. After putting the test sample into the hyperspace, its class can be determined. In previous study different multi-class SVMs were compared [29] , considering the potential biases of the OVR-SVMs, we employed the OVO-SVMs in our model. The result demonstrated the ability of the OVO-SVMs classifier had high discrimination on the sleep postures recognition accuracy.
C. LIMITATIONS
Our experiment was conducted in laboratory environment with a specific sample exhibiting a very good accuracy. The application of our method still needing more validation in real life because the sleep posture may not be regular in the real sleep. Age limitation in our work also needs to be considered. Besides, although our paper is based on a licensed device, design of a simpler and more integrated wearable system is desirable. Furthermore, the sample size of our experiment is relatively small. Therefore, mass and diverse samples and all-night monitoring experiment based on wearable system [35] for further verification should be contained in future studies, so that the big data analysis methods can be applied [36] .
VI. CONCLUSION
In this article, we presented an innovative RDP method in identifying sleep postures for sleep quality assessment. A dual-channel respiration signal acquirement system was built based on impedance technology. The SVM classifier was applied to build a sleep posture recognition model based on backward elimination.
The following conclusions were drawn from this study:
1) The dual-channel respiratory and sleep posture monitoring system built in our work showed reliable ability in posture reflection (Fig.1) . 2) We proposed a novel sleep respiration-derived posture method, which exhibited an identification accuracy of 99.67%. 3) We extracted 12 features for the recognition for four different sleep postures. 4) We modified the OVO-SVMs classifier by using backward elimination, which improved the accuracy of the model up to 99.67%. Particularly, the precision of each postures was over 98.70%.
In-situ experiment indicated that the proposed system and method were capable of offering accurate sleep posture monitoring. Furthermore, we demonstrated that our method was resilient to recognize different sleep postures. In the future, we will investigate long-term posture monitoring and mass and diverse samples, to adopt big data analysis methods andbuildsmart home and IoTapplications [37] , [38] .
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